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Abstract

Flooding associated with El Nifio recurrently affects Trujillo, Peru; however, conventional susceptibility
maps are often static and do not represent how the response of the territory changes under new precipitation
conditions or where these areas overlap with population and infrastructure. Therefore, the objective was to
develop a dynamic geospatial framework for estimating flood susceptibility and exposure. Areas affected
during the 2017, 2023, and 2025 events were reconstructed using Sentinel-1 imagery, and topographic,
hydrological, geological, and meteorological variables were integrated. Random Forest, XGBoost, SVM,
and ANN-MLP were compared using stratified cross-validation and an independent test set. Random Forest
achieved the best performance, with a ROC-AUC of 0.9166, compared with 0.9099 for XGBoost, 0.8611
for ANN-MLP, and 0.8065 for SVM, and achieved AP =0.9116, accuracy =0.8371, and F1-score =0.8393.
SHAP identified terrain aspect, precipitation, elevation, and slope as the most influential factors in
susceptibility. In 2017, the high and very high classes accounted for 52.95% of the exposed population; in
the update of 14 September 2026, moderate susceptibility predominated, covering 57.17% of the modeled
territory and 81.10% of the exposed population, while the high and very high classes accounted for 17.81%.
It is concluded that the proposed approach enables susceptibility to be updated using GPM-IMERG without

retraining the model and supports the preventive identification of priority areas.

Keywords: flood susceptibility; dynamic mapping; machine learning; Sentinel-1; GPM-IMERG.
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1. Introduction

Floods are among the natural hazards with the greatest human impact, both because of their spatial extent
and the increasing occupation of flood-prone areas. Between 2000 and 2018, 913 major events covered
approximately 2.23 million km? and directly affected between 255 and 290 million people across different
regions of the world. During this period, the population living in areas where flooding was observed
increased by 20-24%, indicating that exposure continues to grow alongside the expansion of human
settlements (Tellman et al. 2021). Currently, approximately 1.81 billion people, equivalent to nearly 23%
of the global population, live in areas exposed to significant flood levels (Rentschler et al. 2022). This
growth in population and built-up areas within susceptible zones increases the need to spatially identify
where the greatest impacts may occur and which elements are exposed (Ehrlich et al. 2018; Mohanty and

Simonovic 2021; Abedin et al. 2024).

Along the Peruvian coast, this issue is closely related to tropical Pacific variability, which can exceptionally
alter the rainfall regime of a predominantly arid territory (Garreaud 2018; Peng et al. 2019). The 2017
Coastal El Nifio demonstrated the magnitude of this phenomenon, when intense ocean warming off the
Peruvian coast favored extraordinary rainfall and widespread flooding across the northern coast (Garreaud
2018; Peng et al. 2019). In Trujillo, these rains activated ravines such as San Ildefonso and generated flows
that reached urbanized areas, highlighting the city’s exposure to extreme hydrometeorological events
(Guerrero Padilla et al. 2021). New episodes of intense rainfall affected the province during Cyclone Yaku
in March 2023 and again caused flooding and debris flows in seven districts on 29 March 2025 (SENAMHI
2023; INDECI 2025a). Although the 2017, 2023, and 2025 events occurred under different meteorological
conditions, their recurrence shows that Trujillo remains persistently exposed to rainfall episodes capable of

generating substantial impacts on urbanized areas.

In the context of such events, accurately determining where flooding occurred is essential for identifying
areas that tend to be affected and understanding their spatial distribution across the territory (Schumann and
Moller 2015). Optical imagery has been widely used for this purpose, although its availability may be
limited by cloud cover during periods of intense rainfall (Bentivoglio et al. 2022). Radar imagery provides
a particularly useful alternative because it enables surface observation both during the day and at night and
under adverse weather conditions (Twele et al. 2016; Li et al. 2018). In particular, Sentinel-1 has enabled
the identification of flood-related changes by comparing images acquired before and after an event,
facilitating the delineation of affected areas even when direct observation is limited (Cian et al. 2018). This
capability has promoted its use for reconstructing historical events and generating spatial information that
can subsequently be used to identify areas with a greater propensity for flooding (Mohammadi et al. 2020;

Al-Ruzougq et al. 2024).

The identification of these areas has also advanced through the combined use of topographic, hydrological,
geological, and environmental information. Factors such as elevation, slope, proximity to drainage
channels, flow accumulation, soil moisture, and precipitation influence how water concentrates and moves
across the surface (Tehrany et al. 2014; Rahmati et al. 2016). Machine learning makes it possible to relate
these conditions to previously affected locations and to recognize patterns that may be difficult to represent

through simple relationships (Mosavi et al. 2018; Demissie et al. 2024). Different applications have shown
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favorable results with models such as Random Forest, Support Vector Machine, and XGBoost for
delineating areas with different levels of flood susceptibility (Feizbahr et al. 2025). In northern Peru,
Badillo-Rivera et al. (2025) combined Sentinel-1 imagery and machine learning to assess susceptibility
associated with the 2017 Coastal El Nifio in the Piura River basin, demonstrating the potential of integrating

satellite information and terrain variables in this context.

However, adequately representing susceptibility requires considering that floods do not always occur under
the same conditions. A model developed from a single episode may more strongly reflect the particular
characteristics of that event, whereas incorporating observations from different situations allows a broader
range of territorial responses to be represented (Portalés-Julia et al. 2025; Huang et al. 2026). It is also
important to identify which factors are associated with areas classified as more susceptible, because an
accurate prediction is more useful when it can be interpreted consistently with the physical conditions of
the area (Lundberg and Lee 2017; Pradhan et al. 2023). For this reason, recent approaches seek not only to
improve classification performance, but also to understand the influence of topography, drainage,
precipitation, and other environmental characteristics on the resulting predictions (Pradhan et al. 2023;

Badillo-Rivera et al. 2025).

Despite these advances, a large proportion of susceptibility maps continue to represent relatively permanent
territorial conditions and therefore remain virtually unchanged after their development. This representation
is useful for identifying areas that are naturally prone to flooding, but it does not fully reflect the fact that
the probability of impact may change as precipitation increases or decreases (Mosaffa and Brocca 2024;
Huang et al. 2026). In response to this limitation, approaches have begun to emerge that combine terrain
predisposition with variable meteorological information to represent how susceptibility may change
between different times or events (Mosaffa and Brocca 2024; Alcantara and Mantovani 2026). The
availability of satellite precipitation products such as GPM-IMERG, with broad coverage and frequent
updates, provides an opportunity to incorporate these variations and move toward maps that can be updated

as recent rainfall conditions change (Huffman et al. 2020).

Susceptibility alone does not provide information on the significance of potential impacts, because their
consequences also depend on the presence of people and the degree of territorial occupation. Population
density and built-up area allow these two dimensions to be represented spatially and have been used to
quantify exposure to floods and other natural hazards (Ehrlich et al. 2018; Mohanty and Simonovic 2021).
Global products such as the Global Human Settlement Layer provide consistent information on population
and built-up areas, facilitating their integration with flood and susceptibility maps (Ehrlich et al. 2018).
This combination makes it possible to distinguish areas with similar physical conditions but different

potential consequences due to the concentration of population and built-up elements (Tellman et al. 2021).

Despite the advances achieved, several components required to understand flooding are still commonly
addressed separately. Satellite information has improved the identification of affected areas, and the
diversity of observations has proven important for obtaining models that are more robust across different
events (Portalés-Julia et al. 2025). At the same time, much of susceptibility mapping continues to primarily
represent relatively stable territorial conditions, whereas recent approaches demonstrate the usefulness of

incorporating precipitation as a variable factor that modifies the response between events (Alcantara and

3



108
109
110
111
112
113

114
115
116
117
118
119
120
121
122
123
124

125
126
127

128
129

130
131
132
133
134
135

136
137
138
139
140
141
142
143

Mantovani 2026). Population and built-up area, in turn, are often incorporated subsequently to estimate
exposure, but they are not always part of a framework that connects historical observations, susceptibility,
and updatable meteorological conditions (Rentschler et al. 2022). This separation highlights the need to
integrate these dimensions within a common framework that takes advantage of multiple observed events
and enables the representation of both territorial predisposition and its changes in response to recent

precipitation.

In this context, the problem addressed in this research is that conventional maps make it possible to identify
areas prone to flooding but provide a limited representation when precipitation conditions change and, by
themselves, do not show where this susceptibility coincides with a greater presence of population and built-
up areas. Therefore, the objective is to develop a dynamic geospatial framework for estimating flood
susceptibility and exposure in the province of Trujillo through the integration of observations from the
2017, 2023, and 2025 events, satellite and geospatial information, and machine-learning models. The main
novelty lies in learning the territorial response from multiple events, interpreting the factors associated with
susceptibility, and subsequently updating its estimates using recent GPM-IMERG precipitation, while also
incorporating population and built-up area to represent exposure. In this way, the study seeks to move from
an essentially static map toward an updatable representation of susceptibility conditions and potentially

exposed elements.

The article is organized into five sections. Following this introduction, Section 2 describes the study area,
data, and methodology; Section 3 presents the results; Section 4 discusses the main findings and their

limitations; and Section 5 summarizes the conclusions of the study.

2. Materials and methods

2.1. Study area

The study area comprises the province of Trujillo, located in the western sector of the department of La
Libertad, on the northern coast of Peru (Fig. 1a). It covers an area of approximately 1,768.65 km? and
includes urban areas, agricultural lands in the Moche River valley, and rural sectors along the Andean
foothills. The territory exhibits a marked contrast between the plains near the Pacific Ocean, where much
of the metropolitan area is located, and the higher-relief terrain farther inland, particularly in the districts

of Simbal and Poroto (Fig. 1b) (MPT 2016).

The surroundings of the city are predominantly composed of Quaternary alluvial, fluvial, and aeolian
deposits consisting of gravel, sand, silt, and clay. Accumulations of materials transported by ancient flows
are also present within the ravines, whereas intrusive, sedimentary, and volcano-sedimentary rocks crop out
in the surrounding hills. The main geomorphological units include alluvial plains, fluvial terraces, flood-
prone surfaces, piedmont areas, hills, and mountains. The low-lying surfaces of the Moche Valley and the
deposits located at the outlets of the ravines are particularly relevant for understanding the distribution of
flood-susceptible areas and the movement of water and sediments toward urbanized zones (Medina et al.

2017).
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Fig. 1 Location of the study area: (a) location of the department of La Libertad within Peru; (b) province
of Trujillo, showing topography, the hydrographic network, and districts

The Moche River constitutes one of the main hydrographic axes of the province. Its flow regime exhibits
marked variability associated with precipitation within its basin, and high-flow events can cause overbank
flooding and bank erosion. This system is complemented by temporarily active ravines that cross or
discharge near occupied areas. The provincial land-use plan identifies the channels of El Leon, Rio Seco,
and San Ildefonso among the areas relevant to the assessment of hazards associated with extraordinary
rainfall. Therefore, the hydrological setting of the study area encompasses both fluvial processes and runoff

originating from ravines, as well as water accumulation in urban sectors (MPT 2016).

The climatic conditions of the coastal urban sector are characterized by semi-warm temperatures,
atmospheric humidity, and low rainfall during most of the year. However, these conditions can change
considerably during episodes of anomalous ocean warming and changes in atmospheric circulation.
CENEPRED (2017) documented that, during the 2017 Coastal El Nifio, the districts of Trujillo, Victor
Larco Herrera, and El Porvenir recorded precipitation classified as extremely rainy, exceeding the 99th
percentile of the thresholds used in its assessment. This contrast between generally low-rainfall conditions

and intense rainfall episodes is fundamental for understanding the occurrence of flooding in the area.

Historical records show the recurrence of these processes. The 1997—1998 El Nifio episode caused flooding
and damage in different sectors of the province. Subsequently, during the 2017 Coastal El Nifo, the
activation of the San Ildefonso ravine generated flows and flooding that reached El Porvenir, Florencia de
Mora, Trujillo, and Victor Larco Herrera, while discharges from El Leon affected areas of Huanchaco and
El Milagro. The occupation of natural channels and flow pathways contributed to damage to housing and

infrastructure (MPT 2016; Medina et al. 2017).

Recent events confirm the persistence of this problem. On 10 March 2023, intense rainfall activated the

Indoamérica ravine in La Esperanza and caused damage to homes, healthcare facilities, educational



169
170
171

172

173
174
175

176
177

178
179
180
181
182
183
184

185

institutions, and basic services (INDECI 2023). Likewise, on 29 March 2025, debris flows and flooding
were recorded, affecting housing and transportation infrastructure in several districts of the province,

including La Esperanza and Laredo (INDECI 2025b).
2.2. Data sources and information preparation

The procedure followed to construct the flood inventory, prepare the predictor variables, train and compare

the machine-learning models, assess exposure, and subsequently generate the dynamic maps is summarized
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Fig. 2 Research workflow

The predictor variables were grouped into topographic, hydrological, geomorphometric, meteorological,
and geological components (Table 1). This type of integration is commonly used in susceptibility mapping,
where variables such as elevation, slope, distance to drainage channels, flow accumulation, TWI,
precipitation, and lithology have demonstrated the ability to differentiate areas with contrasting
hydrological responses (Khosravi et al. 2019; Amiri et al. 2024). All layers were integrated into the WGS
84/UTM Zone 17S coordinate system (EPSG:32717) using a common 30 x 30 m grid. The spatial
distribution of the predictors is presented in the Appendix (Fig. 14).
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Table 1 Predictor variables used for flood susceptibility modeling

Class Name Variable Unit Source
Elevation ELEV m DEM GLO-30
Topographic Slope SLP ° DEM GLO-30
Aspect, sine component ASP-SIN - DEM GLO-30
Aspect, cosine component ASP-COS - DEM GLO-30
Transformed contributing area LCA - DEM GLO-30
Hydrological Topographic Wetness Index TWI - DEM GLO-30
Distance to drainage DDN m DEM GLO-30
Profile curvature PRC m! DEM GLO-30
Geomorphometric ~ Plan curvature PLC m’! DEM GLO-30
General curvature GEC m! DEM GLO-30
First principal component PCA precip 1 PCA NASA GPM
precipitation IMERG V07
Meteorological Second principal component of PCA precip 2 PCA NASA GPM
precipitation IMERG V07
Third principal component PCA precip 3 PCA NASA GPM
precipitation IMERG V07
Geological Geological unit GEOL Category  INGEMMET

The topographic variables were derived from the Copernicus DEM GLO-30, a product with global coverage
and an approximate spatial resolution of 30 m (Poursanidis and Katsanevakis 2025). Elevation represents
the altitudinal position of the terrain and makes it possible to distinguish low-lying areas, which may
potentially receive runoff, from topographically higher areas, whereas slope describes the inclination of the
surface and influences the velocity and persistence of surface flow. Both variables are widely used in flood
susceptibility models because of their relationship with the distribution and movement of water (Demissie
et al. 2024). Slope and aspect were calculated using local gradients over 3 x 3-cell windows following Horn

(1981). Because of the circular nature of aspect, it was transformed into two continuous components:
ASP — SIN = sin(6) (1)
ASP — COS = cos(0) 2)

where 6 denotes the azimuth expressed in radians. This transformation avoids the numerical discontinuity

between 0° and 360° while preserving the directional information of the terrain.

The hydrological variables were derived from the DEM conditioned using the Priority-Flood algorithm, a
procedure used to correct depressions that may artificially interrupt drainage continuity (Barnes et al. 2014).
Subsequently, the DS scheme was applied to establish flow direction and determine the contribution of
upstream cells (O’Callaghan and Mark 1984). The contributing area represents the surface area capable of

supplying runoff to each cell; because of its strongly skewed distribution, it was transformed as follows:
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LCA = ln<1 +—C) 3)
Ay

where A, is the contributing area and A, = 1km? is a reference unit. Likewise, the Topographic Wetness
Index represents the tendency of the terrain to concentrate water and was calculated following Beven and

Kirkby (1979):

TWI = In (ﬁ) )

where a is the specific catchment area and S is the local slope in radians. Finally, distance to drainage
represents the proximity of each cell to the flow network, a condition that may favor greater connectivity
with areas of overflow or water concentration. Demissie et al. (2024) recognize distance to drainage
channels, flow accumulation, and TWI among the most widely used predictors for representing flood

susceptibility.

The local geometry of the terrain was represented by profile curvature, plan curvature, and general
curvature, calculated from the original 30 m DEM using second-order derivatives over 3 x 3-cell windows.
PRC describes changes in the surface along the direction of maximum slope and allows the identification
of areas where flow may accelerate or decelerate; PLC represents the lateral convergence or divergence of
the surface and, therefore, the tendency of water to concentrate or disperse; whereas GEC summarizes the
local convexity or concavity of the terrain. The incorporation of curvature variables makes it possible to
represent morphological characteristics that are not described solely by elevation and slope (Al-Kindi and

Alabri 2024).

Precipitation data were obtained from NASA GPM IMERG V07, a multisatellite product that provides
estimates every 30 min on a native 0.1° x 0.1° grid (Batista et al. 2025). For each event, maximum moving
accumulations of 1, 3, 6, 12, 24, 48, and 72 h were calculated, together with total event precipitation,
allowing both short-duration intense episodes and prolonged accumulations to be represented. Owing to
the high correlation among these metrics, they were standardized and reduced using principal component

analysis (PCA), fitted exclusively to the training set:

p
PCk = z ijZj
=1

where z; represents each standardized precipitation variable and wy, its loading on component k.

(6))

PCA precip 1,PCA precip 2,and PCA precip 3 were retained, jointly explaining 98.29% of the original
variance. Precipitation constitutes a particularly relevant predictor because it introduces an event-varying

component into the model, unlike relatively permanent terrain factors.

Geological information was obtained from INGEMMET cartography at a scale of 1:50,000 and was
reprojected, clipped, and rasterized onto the master grid. The GEOL variable represents the geological units
present within the province and was incorporated because lithological characteristics can produce

differences in infiltration, permeability, water storage, and runoff generation. Geology is a factor frequently
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used together with topographic and hydrological variables in flood susceptibility modeling (Al-Kindi and
Alabri 2024).

2.3. Multitemporal Sentinel-1 preprocessing and delineation of observed flood footprints

To spatially reconstruct the floods that occurred in 2017, 2023, and 2025, Sentinel-1 GRD imagery acquired
in Interferometric Wide Swath (IW) mode, with VV and VH polarizations, was used. PRE-POST image
pairs corresponding to 3 and 15 March 2017, 2 and 14 March 2023, and 27 March and 2 April 2025,
respectively, were selected. The images were processed individually through orbit correction, thermal and
border noise removal, radiometric calibration to a°, 7 x 7-pixel Refined Lee filtering, and Range-Doppler
terrain correction. This workflow is consistent with procedures used to prepare Sentinel-1 data for flood
detection and multitemporal analysis (Twele et al. 2016; Tsyganskaya et al. 2018). Finally, the values were
expressed in decibels, and all acquisitions were reprojected and aligned to the 30 m master grid in WGS

84/UTM Zone 17S.
O'z(i)B = 1010910(0'0) (6)

Pixel-level change detection was performed by calculating the difference between the post-event and pre-

event conditions for each event. Changes were calculated for both polarizations and their contrast:

AW = VVposr — VVpgg (7
AVH = VHposr — VHpgg (®)
AWV = VH) = (VV = VH)posr — (VV = VH) pgg ©)

The PRE-POST analysis enables the identification of changes in radar response occurring during the time
interval used to delineate areas affected by flooding with Sentinel-1 (Cian et al. 2018; Li et al. 2018). Over
open surfaces covered by water, specular reflection generally reduces the energy returned to the sensor and
produces negative values of AVV or AVH; however, this behavior is not universal. In urban or vegetated
areas, increases in backscatter may occur due to double-bounce mechanisms between water and vertical
structures. Fig. 3 illustrates the spatial variation in VV backscatter between pre- and post-event conditions
for the Yaku event. Negative AVV values represent a decrease in the radar signal relative to the initial state
and may be consistent with the appearance of relatively smooth water surfaces; conversely, positive
increases indicate enhanced backscatter and may correspond to changes in moisture, roughness, or double-

bounce mechanisms in built-up environments.
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264 To obtain the observed flood footprints, SAR changes were robustly standardized using the median and the

265 median absolute deviation (MAD), thereby reducing the influence of extreme values:

7 = A —median(4) (10)
47 MAD (4)

266

267 The resulting anomalies of AVV, AVH and A(VV — VH) were combined and subsequently constrained
268  using broad geomorphological criteria based on height above nearest drainage (HAND)), slope, and distance
269 to the drainage network, with the aim of excluding radar changes located in areas inconsistent with the
270  expected dynamics of flooding. The combined use of multitemporal SAR changes and topographic
271 information helps reduce false positives associated with surface roughness, vegetation, or terrain
272 characteristics (Ushanin et al. 2024). These footprints were used exclusively as observed evidence to
273  construct the target variable for machine learning and not as predictors, thereby avoiding the incorporation
274 of event information that subsequently had to be estimated by the model. The observed flood footprints are

275  shown in Fig. 4.
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2.4. Sampling and data paritioning

From the independent flood footprints of the 2017, 2023, and 2025 events, positive samples corresponding
to areas observed as affected and negative samples from sectors without evidence of flooding were
extracted, after first excluding areas considered ambiguous. To reduce redundancy among neighboring
pixels of the 30 m grid, sampling was limited to a maximum of one observation per 90 x 90 m block.
Subsequently, each event was balanced at a 1:1 ratio between the positive and negative classes, preventing
the greater availability of non-flooded pixels from influencing classifier learning. Spatial thinning was used
solely to reduce the immediate dependence among nearby observations and does not constitute independent
spatial validation, which would require an explicit separation between training and evaluation areas

(Roberts et al. 2017).

The combined dataset was divided using stratified random sampling, simultaneously preserving the
proportion of each event and the balance between classes. Seventy percent of the observations were
assigned to the training set and the remaining 30% to a held-out test set, a strategy widely used to separate
model fitting from subsequent evaluation (Vabalas et al. 2019; Wahba et al. 2024). The procedure yielded
58338 training samples and 25002 test samples, with equal numbers of positive and negative observations

in both partitions (Table 2).

Table 2 Distribution of positive and negative samples from the three events between the training (70%)

and test (30%) sets

Event Train positive  Train negative  Test positive  Test negative  Total
2017 9877 9877 4233 4233 28220
2023 10963 10963 4699 4699 31324
2025 8329 8329 3569 3569 23796
Total 29169 29169 12501 12501 83340

2.5. Cross-validation and machine-learning models

Model fitting and internal comparison were performed exclusively using the training set through stratified
five-fold cross-validation (5-fold CV). The observations were distributed into five subsets while preserving
the proportion of positive and negative classes. In each iteration, four partitions were used to fit the model
and the remaining partition was used for validation, repeating the procedure until each partition had served

once as the validation set. For a metric M, mean performance was calculated as:

1 5
Mcv = gz My,
k=1

where My corresponds to the value obtained in partition k. The same fold assignment was used for all

(an

algorithms, allowing their comparison under equivalent conditions. Likewise, out-of-fold (OOF)
predictions were retained so that each training sample was predicted only by a model that had not used it

during fitting. The test set remained completely excluded from cross-validation and hyperparameter tuning

12



309
310

311
312
313
314
315
316
317

318
319
320

321
322
323
324

325
326

327
328

329
330
331

332
333
334

and was reserved for final evaluation. This scheme makes efficient use of the training data while

maintaining internal evaluation on observations not used in each fit (Varoquaux 2018; Asrade et al. 2026).

Random Forest (RF), Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM), and
Artificial Neural Network—Multilayer Perceptron (ANN-MLP) were evaluated. These algorithms represent
different learning approaches (bagging ensemble, boosting, sequential learning, margin maximization, and
neural networks), allowing their ability to represent nonlinear relationships among topographic,
hydrological, geological, and meteorological conditions and the observed occurrence of flooding to be
compared. The comparative use of RF, XGBoost, SVM, and neural networks is widely documented in flood

susceptibility mapping (Demissie et al. 2024; Li et al. 2026).

Random Forest (RF) constructs an ensemble of decision trees from bootstrap samples and randomly selects
a subset of variables at each split, reducing correlation among trees and improving its generalization ability

(Breiman, 2001). For binary classification, the estimated flood probability can be expressed as:

_ 1e (12)
Per(y = 1) == > [y () = 1]
b=1

where B is the number of trees, hy(x) is the prediction of tree b, and I(+) is an indicator function. RF was
included because of its ability to represent nonlinear relationships and interactions among predictors
without imposing a predefined functional form, a characteristic that has favored its application in flood

susceptibility mapping (Breiman 2001).

XGBoost constructs trees sequentially, such that each new tree seeks to reduce the residual errors

accumulated by the preceding trees. The additive model can be represented as:

Fi(x) = Feq(x) + nf(x) (13)

where F;_; is the accumulated prediction, f; is the new tree, and 7 is the learning rate. Its training minimizes

an objective function that combines prediction error with a complexity penalty:

L= Z 190 +irz(ft)
i=1 t=1

where | is the loss function and (2 regularizes tree complexity. This regularization, together with sequential

(14)

learning, helps control overfitting and represent complex relationships among geospatial variables (Chen

and Guestrin 2016).

Support Vector Machine (SVM) seeks a decision boundary that maximizes the margin between flooded and
non-flooded classes. To represent nonlinear separations, a radial basis function (RBF) was used, whose

decision rule can be expressed as:

. (1)
60 = sign | " axyiexp(=yllx =%l + b
i=1
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where a; are the coefficients associated with the support vectors, y; are their classes, y controls the width
of the kernel, and b represents the intercept. The RBF kernel enables flexible decision boundaries to be

constructed when class separation cannot be described by a linear relationship (Cortes and Vapnik 1995).

The ANN-MLP was structured as a feed-forward neural network composed of an input layer, one or more
fully connected hidden layers, and an output layer. For each hidden layer, the transformation is expressed

as:
hD = ¢(W(l)h(l—1) + b(l)) (16)

where WO and b® represent the weights and biases of layer [, and ¢ is its activation function. In the binary

output layer, the probability of belonging to the flooded class is obtained as:
pi = o(Woh® + by) (17

where o(-) corresponds to the sigmoid function. The network parameters are adjusted through
backpropagation, progressively reducing the error between the predictions and the observed classes
(Rumelhart et al. 1986). The ANN-MLP was included because it allows nonlinear interactions among

multiple predictors to be learned without specifying the form of those relationships in advance.
2.6. Métricas de evaluacién

Model performance was evaluated using complementary metrics derived from the confusion matrix and
predicted probabilities. True positives (TP), true negatives (TN), false positives (FP), and false negatives
(FN) were considered. In addition to metrics dependent on a classification threshold, ROC-AUC and
Average Precision were used to evaluate discriminatory performance across different thresholds (Fawcett

2006; Saito and Rehmsmeier 2015).
ROC-AUC represents the area under the curve relating sensitivity and the false positive rate:

! (18)
ROC — AUC = J TPR(FPR)dFRP
0

whereas Average Precision (AP) summarizes the precision—recall curve:
AP = Z(Rn - Rn—l)Pn (19)
n

where P, and R, correspond to precision and recall at each threshold. AP complements ROC-AUC by

focusing specifically on the performance of the positive class.

The metrics based on binary classification were calculated as:

| ~ TP + TN (20)
CCUraY = TP ¥ TN + FP + FN
I _1( TP, TN ) 21
aranced fecuracy =o5\rp + FN T TN + FP
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TP (22)

Precision = TP T FP
Recall (Sensitivity) = TPY-WI-% (23)
Specificity = % (24)
Fl=2 Precision X Recall (25)

" " Precision + Recall

Finally, the Matthews Correlation Coefficient (MCC) was calculated, integrating all four components of
the confusion matrix and providing an overall measure of agreement between the observed and predicted

classes:

o TP X TN — FP X FN (26)
J(TP + FP)(TP + FN)(TN + FP)(TN + FN)

MCC ranges from —1 to 1, where 1 indicates perfect classification, 0 indicates performance with no
association, and —1 indicates complete disagreement; it is particularly useful as a complementary measure

to accuracy and F1 (Chicco and Jurman 2020).
2.7. Model interpretation using SHAP

The contribution of the predictors in the selected model was interpreted using SHapley Additive
exPlanations (SHAP), which assigns a contribution value to each variable for each prediction based on
Shapley value theory (Lundberg and Lee 2017). A positive SHAP value indicates that the variable shifts the
prediction toward higher susceptibility, whereas a negative value reduces it relative to the model’s expected
value. For a variable j, its contribution is expressed as:

SI'(M —|S|—1)!
g= > BB~ £

M!
SER\{j}

27

where F is the set of predictors, M is their total number, and S is each subset does not contain variable j.
2.8. Exposure assessment using GHSL

Exposure was assessed using GHS-POP R2023A and GHS-BUILT-S R2023A from the Global Human
Settlement Layer (GHSL), obtained through Google Earth Engine. GHS-POP represents the resident
population per cell, whereas GHS-BUILT-S quantifies the built-up surface; both products are available at
temporal intervals of five years (SCHIAVINA et al. 2023). To facilitate their spatial comparison, population

was transformed into density and built-up surface into percentage:

S.
, BU; =100+ (28)
i A;

>| o

Di=

where P, is the population of the cell, S; is the built-up surface, A; is the cell area, D; is the population
density, and BU; is the built-up percentage. The GHSL epochs closest to each event were used: 2015 for
2017, 2020 for 2023, and 2025 for 2025. Subsequently, both layers were aligned with the 30 m grid solely
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for spatial integration, without attributing to them an effective resolution higher than the original. The 2025
epoch of version R2023 A should be regarded as a modeled estimate, because the future 2025-2030 periods

were obtained through spatiotemporal extrapolation procedures.

BU; 2
PopExp, = Z D;4;, BuiltExp. = Z W(;Ai (29)
iec iec

2.9. Dynamic updating of susceptibility

The dynamic component was incorporated by updating the precipitation variables derived from GPM
IMERG V07, while the topographic, hydrological, and geological factors remained constant. IMERG
provides precipitation estimates every 30 min on a 0.1° x 0.1° grid, allowing meteorological conditions to
be updated as new observations become available. For each time step t, the 1, 3, 6, 12, 24, 48, and 72 h
accumulations and the event-total accumulation were recalculated. These variables were standardized using
exclusively the parameters obtained during training:

Rj(x) — piro™ (30)

zi (x) = .
J.t train
9

and subsequently projected using the loadings of the previously fitted PCA:

P ' (1)
PG () = ) Wiz, (x)
j=1

Finally, the new meteorological components were combined with the static predictors and introduced into

the final model to obtain updated susceptibility:

Se(x) = f[Xstatic(x)rPCLt(x)» PCz,t(x)» PC3’t(x)] (32)

where S;(x) represents the estimated susceptibility probability for cell x at time t. Thus, the model is not
retrained with each update; only the meteorological variables are updated and inference is rerun using the
previously trained model. This approach enables a transition from a static representation to susceptibility
conditioned by the recent state of precipitation, a principle used in recent dynamic flood-mapping

approaches (Mosaffa and Brocca 2024).

3. Results

3.1. Dependence among predictors and reduction of precipitation information

The Spearman correlation matrix showed associations of varying magnitude among the continuous
predictors (Fig. 5). The strongest relationships were observed between elevation and slope (p = 0.81),
profile curvature and general curvature (p = —0.79), plan curvature and general curvature (p = —0.77),
and slope and TWI (p = —0.74). Associations were also observed between LCA and plan curvature (p =
—0.71), LCA and general curvature (p = 0.63), and elevation and TWI (p = —0.61). In contrast, the
precipitation components showed low correlations with most terrain variables. Although relatively high
associations were observed among some geomorphometric and topographic predictors, these alone did not

imply problematic multicollinearity.
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Fig. 5 Correlation structure among the continuous predictor variables

The variance inflation factor diagnostic confirmed low multicollinearity in the final predictor set (Fig. 6a).
All values remained below 5, with the highest values corresponding to TWI (3.84), slope (3.43), general
curvature (2.95), plan curvature (2.47), and elevation (2.18); the remaining variables showed values below
2. This indicates that, despite some relatively high bivariate correlations, no variable reached levels that

would justify its exclusion due to linear redundancy.

The PCA applied to the eight precipitation metrics concentrated most of the information into three
components (Fig. 6b—c). PC1 explained 86.38% of the variance, PC2 6.76%, and PC3 5.15%, jointly
accounting for 98.29%. PC1 showed positive and similar loadings across the different accumulation
windows, with greater contributions from P48h, P24h, P72h, and PO6h, and therefore mainly represented
the overall pattern of precipitation magnitude. PC2 contrasted total event accumulation and prolonged
windows with short-duration accumulations, whereas PC3 was mainly influenced by POlh and showed
opposite contributions from P12h and P24h. Thus, the three components retained both the overall
precipitation signal and differences among temporal scales, while reducing the redundancy present in the

original accumulation metrics.
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Fig. 6 Multicollinearity diagnostics and dimensionality reduction of the precipitation variables. (a)
Variance inflation factor (VIF) of the continuous predictors; (b) individual and cumulative variance
explained by the principal precipitation components; and (c) loadings of the original variables with the
greatest contributions to PC1, PC2, and PC3

3.2. Model hyperparameter configuration and selection

The hyperparameter search produced distinct configurations for the four algorithms (Table 3). For Random

Forest, the selected configuration retained trees with unrestricted depth, 700 estimators, and a maximum

sample fraction of 0.90, with max_features = 0.35, promoting diversity among trees. XGBoost selected

a learning rate of 0.04, a maximum depth of 8, and 1400 iterations, together with L1 regularization = 0.01

and L2 regularization = 5.0, which helped control model complexity during sequential learning. For SVM,

the final configuration used € = 10, y = 0.02222 and 400 Nystrém components to approximate the RBF

kernel. Finally, the ANN-MLP selected two hidden layers with 96 and 48 neurons, ReLU activation, the

Adam optimizer, and an initial learning rate of 0.002.

Table 3 Search space and selected configuration of the machine-learning models

Model Hyperparameter Evaluated values Selected
configuration

Random Forest max_depth [12, 18, 24, 32, None] None
min_samples_split [2, 5,10, 20] 2
min_samples_leaf [1,2,4,8] 2
max_features [sqrt, 0.35, 0.50, 0.70] 0.35
max_samples [0.75, 0.90, 1.00] 0.90
Criterion Gini Gini
Trees [Stage 1: 160; Stage 2: 400] 700

XGBoost eta [0.025, 0.04, 0.06, 0.08, 0.10] 0.04
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max_depth [3,4,5,6, 8] 8
min_child_weight [1,3,5,8] 8
subsample [0.70, 0.85, 1.00] 0.85
colsample_bytree [0.60, 0.75, 0.90, 1.00] 0.90
gamma [0.00, 0.05, 0.15, 0.30] 0.05
reg_alpha [0.00, 0.01, 0.10, 0.50] 0.01
reg_lambda [1.0,2.0,5.0, 10.0] 5.0
Boosting rounds [Stage 1: <700; Estage 2: <1400] 1400
SVM C [0.05, 0.10, 0.30, 1.0, 3.0, 10.0] 10.0
gamma_factor [0.25, 0.50, 1.0, 2.0, 4.0] 1.0
y Derived from gamma_factor /p,conp = 45  0.0222
Nystrém components [Stage 1: 180; Stage 2: 400] 400
Maximum iterations 5000 5000
Tolerance 0.0001 0.0001
ANN-MLP Hidden architecture [(32), (64), (128), (64,32), (96,48), (128,64), (96, 48)
(128,64,32)]
alpha [0.00001, 0.0001, 0.001, 0.01] 0.0001
learning_rate_init [0.0003, 0.0007, 0.001, 0.002] 0.002
Activation function ReLU ReLU
Optimizer Adam Adam
batch_size 256 256
Final model epochs 96 96

3.3. Predictive performance and final model selection

The four algorithms showed clear differences in performance, with Random Forest achieving the best
results during cross-validation: ROC-AUC of 0.9105, AP of 0.9063, accuracy of 0.8307, and F1-score of
0.8330, followed closely by XGBoost. This advantage was maintained in the independent test set, where
RF achieved ROC-AUC = 0.9166, AP = 0.9116, accuracy = 0.8371, precision = 0.8284, sensitivity =
0.8504, specificity = 0.8239, and F1-score = 0.8393 (Table 4). XGBoost showed similar results, whereas
ANN-MLP and SVM exhibited lower discriminatory performance. Although RF showed nearly perfect
performance on the training data, the similarity between its cross-validation and test results indicates that
its predictive capacity was maintained on observations not used during model fitting. Consequently, RF
was selected as the final model based on its cross-validation performance, and its behavior was

subsequently corroborated using the test set.
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451 Table 4 Predictive performance of the machine-learning models in training, cross-validation, and testing

Metric Group Random Forest XGBoost SVM ANN
Training  0.9998 0.9858 0.8154  0.9209
ROC AUC Cv 0.9105 0.9054 0.8096  0.8577
Test 0.9166 0.9099 0.8065 0.8611
Training  0.9998 0.9857 0.7936 0915
Average precision Ccv 0.9063 0.8983 0.785 0.8403
Test 0.9116 0.9034 0.7821 0.8427
Training  0.9998 0.9857 0.7936 0915
PR-AUC Cv 0.9063 0.8983 0.7849  0.8402
Test 0.9116 0.9034 0.7821  0.8427
Training  0.9929 0.9386 0.7411 0.8383
Accuracy Cv 0.8307 0.8259 0.7369  0.7785
Test 0.8371 0.8301 0.7345 0.7822
Training  0.9929 0.9386 0.7411 0.8383
Balanced accuracy Ccv 0.8307 0.8259 0.7369  0.7785
Test 0.8371 0.8301 0.7345 0.7822
Training  0.9923 0.9287 0.7171  0.8272
Precision CVv 0.8221 0.816 0.7137 0.7684
Test 0.8284 0.8201 0.7114  0.7704
Training  0.9935 0.9502 0.7962  0.8554
Recall / sensitivity Cv 0.8442 0.8414 0.7913  0.7972
Test 0.8504 0.8457 0.7892  0.8039
Training  0.9929 0.9393 0.7546  0.8411
F1-score CVv 0.833 0.8285 0.7505  0.7825
Test 0.8393 0.8327 0.7483  0.7868
Training  0.9923 0.927 0.686 0.8212
Specificity CVv 0.8173 0.8103 0.6825  0.7597
Test 0.8239 0.8145 0.6799  0.7604
Training  0.9858 0.8775 0.4851 0.6771
MCC Cv 0.6617 0.652 0.4766  0.5573
Test 0.6745 0.6605 0.4719  0.5649

452

453 The curves confirmed the differences observed in the overall performance metrics. Random Forest showed
454 the highest discriminatory ability, with a ROC-AUC of 0.9166, followed by XGBoost (0.9099), ANN-MLP
455 (0.8611), and SVM (0.8065). The same pattern was observed for the precision—recall curve, with AP values
456 0f 0.9116, 0.9034, 0.8427, and 0.7821, respectively. The close performance of RF and XGBoost indicates
457 that both models were competitive, although RF consistently maintained the highest values for both curves

458 (see Fig. 7).
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Fig. 7 Discriminatory performance of the models on the independent test set. (a) ROC curves and ROC-
AUC values; (b) precision—recall curves and average precision (AP) values
Random Forest correctly classified 85.0% of the susceptible samples and 82.4% of the non-susceptible
samples, with 1870 false negatives and 2202 false positives. XGBoost showed similar performance, with
84.6% and 81.4% correct classification for the two classes, respectively. ANN-MLP achieved 80.4%
sensitivity and 76.0% specificity, whereas SVM showed the highest proportion of false positives,
incorrectly classifying 32.0% of the negative samples as susceptible. Overall, the confusion matrix confirms
that RF maintained the best balance between identifying susceptible areas and correctly excluding non-

susceptible areas (see Table 5).

Table 5 Confusion matrices of the machine-learning models on the independent test set

Model Predicted class
Non-susceptible Susceptible
Observed  Random Forest Non-susceptible 10299 (82.4%) 2202 (17.6%)
class Susceptible 1870 (15.0%) 10631 (85.0%)
XGBoost Non-susceptible 10182 (81.4%) 2319 (18.6%)
Susceptible 1929 (15.4%) 10572 (84.6%)
SVM Non-susceptible 8499 (68.0%) 4002 (32.0%)
Susceptible 2635 (21.1%) 9866 (78.9%)
ANN Non-susceptible 9506 (76.0%) 2995 (24.0%)
Susceptible 2451 (19.6%) 10050 (80.4%)
Total (predicted) 25002 25002

3.4. Spatial patterns of susceptibility and SHAP analysis

The probability maps show that flood susceptibility is not uniformly distributed across the province of

Trujillo. In 2017 and 2023, the highest probabilities were concentrated mainly in low-lying and transitional

areas of the coastal valley, as well as in sectors close to drainage channels and ravines, whereas much of

the eastern area showed low values. In 2025, the spatial response was more widespread and heterogeneous,
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with a greater presence of intermediate and high probabilities in central and eastern areas, suggesting a
stronger influence of the meteorological conditions of that event on the final distribution of susceptibility.
Overall, the three maps reveal a consistent spatial structure, although modulated by variations in

precipitation among events (Fig. 8).

10 1.0
9130000 1 0130000
08 08
9115000 g 9115000 A &
) 06 % B 06 %
< £ £
g 3 é 2
g &5 9100000 &
2 9100000 04 8 2 04 g
& &
02 < 02
9085000 0085000
. : . 0.0 T r r 0.0
700000 720000 740000 760000 700000 720000 740000 760000
Easting (m) Easting (m)
g 1.0
9130000
08
. ©
9115000 g
) 06 8
= z
g 3
;- )
2 9100000 04 ¢
a
A 02
0085000

700000 720000 740000 760000
Easting (m)

Fig. 8 Spatial distribution of flood susceptibility probability estimated using Random Forest. (a) 2017; (b)
2023; and (c) 2025
The reclassification of probabilities into five levels made it possible to synthesize the spatial patterns into
interpretable categories for territorial analysis. In all three years, the high and very high classes tended to
concentrate in piedmont sectors, preferential drainage zones, and areas of lower relative elevation, whereas
the very low and low classes predominated over broad areas of the eastern sector. The comparison across
years shows that 2017 and 2023 present a relatively similar distribution of the extreme classes, whereas
2025 exhibits a more fragmented configuration, with an expansion of the moderate to very high classes

toward inland areas (Fig. 9).

The SHAP analysis showed that the variables with the greatest global influence on the model output were
ASP-SIN, PC1, PC2, ELEV, PC3, and SLP, followed by ASP-COS, DDN, and GEO. This indicates that the
estimated susceptibility was primarily controlled by the combination of terrain orientation, precipitation
conditions summarized by PCA, and topographic attributes. In general terms, high values of ASP-SIN
tended to increase the predicted susceptibility, whereas the contribution of the precipitation components
and elevation showed nonlinear and context-dependent patterns. Variables such as TWI, GEC, PLC, PRC,

and LCA showed a smaller contribution, although they were still useful for refining the spatial response of
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497 the model. Overall, SHAP supports that the final RF prediction did not depend on a single factor, but rather

498 on the interaction between topographic control and meteorological forcing (Fig. 10).

9130000 9130000
9115000 9115000
g g
N S~
on of
.g g
: :
2 9100000 2 9100000
9085000 9085000
700‘000 720‘000 740‘000 760000 700.000 720’000 740‘000 760000
Easting (m) Easting (m)
9130000
o 9115000 Susceptibility class
é Bl Very Low
%‘3 B Low
"E" 7] Moderate
2 9100000 B High
Il Very High
9085000
700000 720000 740000 760000
499 Easting (m)
500 Fig. 9 Spatial classification of flood susceptibility derived from the Random Forest model. (a) 2017; (b)
501 2023; and (c) 2025
ASP-SIN High
PCL  os o
PCZ . .
ELEV e e
PC3 .
SLP &
E
ASP-COS g
7]
DDN %
GEO B
GEC
PLC
PRC
LCA Low
4(;.3 *(;.2 4(‘).1 [).I() 0? 1 Ojl 0:3
SHAP value (impact on RF output)
502
503 Fig. 10 Interpretation of the Random Forest model using SHAP

23



504

505
506
507
508
509
510
511
512
513
514
515

516
517

518

519
520
521

3.5. Population and built-up exposure associated with susceptibility

Exposure showed clear differences among the three temporal scenarios. In 2017, the high + very high
classes encompassed 792.24 km? and accounted for 52.95% of the population and 56.42% of the built-up
surface, indicating the greatest overlap between high susceptibility and human occupation. In 2023,
exposure shifted partially toward intermediate classes: the moderate class alone accounted for 53.04% of
the population and 46.38% of the built-up surface, whereas the combined high + very high classes
represented 37.86% of the population and 44.57% of the built-up surface. In 2025, exposure decreased
markedly in the most critical classes, as the high + very high classes accounted for only 11.64% of the
population and 13.54% of the built-up surface, whereas the very low + low classes contained most of the
population (63.39%) and built-up surface (61.70%). Overall, these results show that the intensity of
exposure depended not only on the spatial extent of susceptibility, but also on its overlap with urbanized

and densely populated areas (Table 6).

Table 6 Distribution of area, population, and built-up surface according to the flood susceptibility class
estimated using Random Forest

Event GHLS Susceptibility Area Population Population Built-up  Built-up

class (km?) (n) (%) surface surface
(km?) (%)
Very low 307.47 4,033 0.42 0.232 0.87
Low 316.32 71,090 7.36 1.914 7.2
Moderate 349.86 379,349 39.27 9.44 35.51
2017 2015
High 419.42 401,009 41.51 10.472 39.39
Very high 372.82 110,500 11.44 4.527 17.03
High + Very high  792.24 511,509 52.95 14.999 56.42
Very low 337.12 6,434 0.61 0.369 1.36
Low 323.98 89,462 8.49 2.083 7.69
Moderate 371.61 558,762 53.04 12.57 46.38
2023 2020
High 361.32 363,679 34.52 9.92 36.61
Very high 371.87 35,142 3.34 2.158 7.96
High + Very high  733.18 398,820 37.86 12.078 44.57
Very low 415.11 190,090 16.94 4.611 16.95
Low 419.18 521,129 46.45 12.173 44.75
Moderate 338.08 280,071 24.96 6.737 24.76
2025 2025
High 278.7 107,192 9.55 2.787 10.24
Very high 314.83 23,429 2.09 0.897 33
High + Very high  593.53 130,621 11.64 3.683 13.54

Exposure in 2023 was concentrated mainly along the urban-metropolitan corridor in the western and central
sectors of the province. Population density showed intense clusters around the city of Trujillo and its

immediately contiguous urban areas, whereas the built-up surface exhibited a similar pattern, although it
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extended farther along urban and peri-urban corridors. In contrast, much of the eastern sector showed low
values for both variables. This pattern confirms that population and built-up exposure are spatially
concentrated in specific areas; therefore, their overlap with zones of moderate to high susceptibility

increases the potential for territorial impacts (Fig. 11).
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Fig. 11 Spatial distribution of population exposure and built-up surface in the province of Trujillo for the
2023 scenario. (a) population density; (b) percentage of built-up surface
The multitemporal analysis showed that high and very high susceptibility was not completely stable across
events, although clearly defined recurrent arcas were identified. The overlaps between 2017 and 2023, as
well as areas classified as high or very high in all three years, were concentrated mainly in the western and
southwestern sectors of the province, suggesting the presence of a persistently susceptible territorial setting.
In contrast, classes exclusive to a single year or shared by only two events were more fragmented across

central and eastern areas, reflecting the influence of meteorological variability on the spatial response of

the model.
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Fig. 12 Spatial persistence of high and very high flood susceptibility classes between 2017, 2023, and
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3.6. Dynamic updating of susceptibility and potential exposure

The dynamic update showed a predominance of moderate susceptibility, which covered 1010.02 km?,
equivalent to 57.17% of the modeled domain. The high and very high classes jointly covered 220.89 km?
(12.51%), whereas the low and very low categories represented 30.32% of the territory. Exposure followed
a similar pattern: the moderate class concentrated 909,919 people (81.10%) and 21.496 km? of built-up
surface (79.02%). In turn, the high and very high classes encompassed 199,726 people (17.81%) and 5.215
km? of built-up surface (19.17%). These results indicate that, under the recent precipitation conditions
incorporated into the model, most of the population and built-up surface are currently located in areas of

intermediate susceptibility, whereas a smaller proportion is situated in areas of high susceptibility.

Table 7 Spatial distribution of dynamic susceptibility and associated exposure for the scenario updated to

14 September 2026
Susceptibility Area Modeled Exposed Exposed Exposed Exposed
class (km?) domain population  population built-up built-up
(%) (people) (%) surface surface (%)
(km?)

Very low 32.75 1.85 71 0.01 0.004 0.01

Low 502.96 28.47 12194 1.09 0.489 1.80
Moderate 1010.02  57.17 909919 81.10 21.496 79.02

High 212.11 12.01 199088 17.75 5.199 19.11

Very high 8.78 0.50 638 0.06 0.016 0.06

Figure 13 shows how recent precipitation spatially modifies the model response without the need for
retraining. The precipitation accumulated during the 72 h prior to the latest available observation (Fig. 13a)
feeds the dynamic meteorological variables and generates a new distribution of susceptibility probabilities
(Fig. 13b). The resulting classification (Fig. 13c) shows a predominance of moderate values, with high-
susceptibility sectors concentrated mainly toward the western and southwestern parts of the province and
localized areas of very high susceptibility. When this response is integrated with population and built-up
surface, relative exposure is clearly concentrated in the urban corridor of the western and west-central sector
(Fig. 13d). In this way, the approach makes it possible to update susceptibility as precipitation conditions

change and to identify where these variations coincide with a greater human and built-up presence.
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Fig. 13 Dynamic updating of flood susceptibility and associated exposure as of 14 September 2026. (a)

recent precipitation derived from GPM-IMERG, corresponding to the 72 h moving window prior to the

latest available observation; (b) dynamic susceptibility probability estimated using Random Forest; (c)

susceptibility classification into five levels, from very low to very high; and (d) relative exposure index
obtained by integrating susceptibility with population and built-up surface

4. Discussion

The patterns obtained show that flood susceptibility in Trujillo responds to a combination of permanent
terrain conditions and meteorological factors that vary among events. Random Forest achieved a ROC-
AUC 0of 0.9166 on the test set, close to the 0.920 reported for RF by Li et al. (2026) and consistent with the
strong performance of tree-based models reported by Demissie et al. (2024) and Badillo-Rivera et al.
(2025). More important than the differences among algorithms is the fact that the areas of highest
susceptibility were recurrently concentrated in low-lying sectors, relief-transition zones, and drainage-
associated corridors, a pattern similar to that observed in other regions where elevation, slope, proximity to
drainage channels, and precipitation control a large part of the spatial distribution of flooding. In Trujillo,
the persistence of high and very high susceptibility areas across 2017, 2023, and 2025 suggests the existence

of a relatively stable territorial predisposition upon which the specific rainfall conditions of each event act.

The SHAP interpretation reinforces this finding, as terrain aspect, precipitation components, elevation, and
slope were among the factors with the greatest contributions. This result partially agrees with Badillo-
Rivera et al. (2025), who found an important contribution of aspect and geomorphological variables in
Piura, and with Li et al. (2026), where elevation, maximum 24 h precipitation, distance to rivers, and slope

were the main controls. Differences in the ranking of variable importance should not be regarded as
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582 contradictory, since susceptibility depends on the physical configuration of each basin and on the
583 characteristics of the event used to construct the inventory. In this case, the presence of all three precipitation
584 components among the most influential variables is particularly relevant because it shows that the same

585  topographic configuration may respond differently under different rainfall durations and intensities.

586 From a territorial perspective, identifying susceptible areas becomes more important when they overlap
587  with densely populated and built-up areas. In 2017, the high and very high classes accounted for 52.95%
588 of the population and 56.42% of the evaluated built-up surface, whereas these proportions were
589 considerably lower in 2025. This variation shows that the spatial extent of a susceptible area does not by
590 itself determine the potential magnitude of its consequences; its location relative to human settlements is
591 also important. This idea is consistent with Ehrlich et al. (2018), who highlight that population and built-
592 up surfaces make it possible to spatially represent exposure, and with Tellman et al. (2021), who found that
593 the population living in areas where floods were observed increased by 20-24% globally between 2000 and
594 2015. In urban contexts, this overlap may translate into impacts on housing, roads, services, and
595 infrastructure; moreover, exposure may have more severe social consequences when it coincides with

596 populations with a lower capacity to respond and recover, as also noted by Rentschler et al. (2022).

597 The dynamic component broadens the usefulness of the model by preventing susceptibility from being
598 represented by a single permanent map. By incorporating recent GPM-IMERG precipitation, the spatial
599 response can be updated while keeping the physical factors of the territory constant, in agreement with
600 Mosaffa and Brocca (2024), who propose that susceptibility may vary as meteorological conditions change.
601 In the scenario updated to 14 September 2026, the moderate class predominated, covering 57.17% of the
602 modeled domain and accounting for 81.10% of the population and 79.02% of the built-up surface. In
603 contrast, the high and very high classes jointly represented only 12.51% of the territory, but overlapped
604 with 17.81% of the population and 19.17% of the built-up surface, showing that even a relatively smaller
605 spatial extent may be relevant when it intersects occupied areas. These values do not represent the extent

606 that will necessarily be flooded, but rather susceptibility conditioned by the available precipitation.

607 Table 8 Comparison of the main results with recent studies on flood susceptibility
Study Area / approach Main result Relationship with the present
study
Present study Trujillo, Peru; RF, XGBoost, RF ROC-AUC=0.9166  Integrates multi-event
SVM, and ANN-MLP; susceptibility, exposure, and
Sentinel-1, IMERG, and dynamic updating
GHSL
Badillo-Rivera Piura, Peru; Sentinel-1 + ML RF and variants Consistent with the performance
et al. (2025) outperformed SVM; of RF and the relevance of
validation AUC > 0.80 relief/aspect
Demissie etal.  USA; six ML models RF and XGBoost: Confirms the usefulness of tree-
(2024) accuracy of 0.82-0.97 based models with topographic

and hydrological variables
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Lietal. (2026)  China; RF, XGBoost, SVM, XGBoost=10.938; RF=  Results close to those obtained

and MLP 0.920 in Trujillo and predominance of

tree-based models

Tellman et al. Global flood assessment Population exposure Supports the relevance of

(2021) increased by 20-24% integrating susceptibility and
population

Mosafta and Mediterranean region; dynamic ~ Susceptibility varies with ~ Consistent with the proposed

Brocca (2024) RF precipitation and meteorological updating

temporal conditions approach

608

609 5. Conclusions

610 The multi-event approach made it possible to represent flood susceptibility in Trujillo by integrating the
611 observed flood footprints from 2017, 2023, and 2025 with topographic, hydrological, geological, and
612 meteorological variables. Random Forest showed the most consistent performance, with a ROC-AUC of
613 0.9166, AP of 0.9116, accuracy of 0.8371, and Fl-score of 0.8393 on the independent test set, slightly
614 outperforming XGBoost and showing a larger difference compared with ANN-MLP and SVM. The SHAP
615 analysis showed that terrain aspect, precipitation components, elevation, and slope were the factors with
616 the greatest contribution, demonstrating that susceptibility depends on the interaction between the physical

617  predisposition of the territory and the meteorological conditions of each event.

618 Integration with GHSL showed that exposure depends on the spatial overlap among susceptibility,
619 population, and built-up surface. In 2017, the high and very high classes accounted for 52.95% of the
620 population and 56.42% of the built-up surface, whereas in 2025 these proportions decreased to 11.64% and
621 13.54%, respectively. The dynamic component made it possible to update susceptibility using recent GPM-
622 IMERG precipitation without retraining the model. For the 14 September 2026 scenario, the moderate class
623 predominated, accounting for 57.17% of the modeled domain, 81.10% of the population, and 79.02% of
624 the built-up surface. In contrast, the high and very high classes jointly represented 12.51% of the territory
625  but accounted for 17.81% of the population and 19.17% of the built-up surface.

626 The main limitations are related to the use of a random train—test partition, which does not constitute
627 independent spatial validation, the native meteorological resolution of IMERG, and the modeled nature of
628 GHSL for 2025. Therefore, the results should be interpreted as estimates of susceptibility and potential
629 exposure rather than as a hydraulic simulation of the actual extent of flooding. Future work should validate
630 the model using new independent events, assess its spatial and temporal transferability, compare dynamic
631 updates against newly observed flood footprints, and incorporate higher-resolution hydrometeorological
632 information. These improvements would strengthen its application as a decision-support tool for

633 monitoring, territorial planning, and preventive flood-risk management.
634

635

29



636

637

638
639

640

641

642

643
644
645

646

647
648
649
650

651

652

653

654
655

656
657
658

659
660
661

662
663
664

665
666
667

Statements and Declarations
Funding

The authors declare that no funds, grants, or other support were received during the preparation of this

manuscript.

Competing Interests

The authors have no relevant financial or non-financial interests to disclose.
Author Contributions

Marco A. Cotrina-Teatino, Jairo J. Marquina-Araujo, and Jos¢é N. Mamani-Quispe contributed to the
conception and design of the study, interpretation of the results, and preparation of the manuscript. All

authors reviewed and approved the final version of the manuscript.
Data Availability

The datasets used in this study were derived from publicly available remote-sensing, meteorological,
geospatial, and population datasets described in the Materials and Methods section. The processed datasets
and derived products supporting the findings of this study are available from the corresponding author upon

reasonable request.

Ethics Approval

Not applicable. This study did not involve human participants, animals, or personally identifiable data.
References

Abedin J, Zou L, Yang M, et al (2024) Deciphering spatial-temporal dynamics of flood exposure in the

United States. Sustain Cities Soc 108:105444. https://doi.org/10.1016/j.scs.2024.105444

Alcantara E, Mantovani JR (2026) Log-odds decomposition of flood hazard into static susceptibility and
event-driven activation. Big Data and Earth System 2(2):100064.
https://doi.org/10.1016/j.bdes.2026.100064

Al-Kindi KM, Alabri Z (2024) Investigating the role of the key conditioning factors in flood susceptibility
mapping through machine learning approaches. Earth Syst Environ 8:63-81.
https://doi.org/10.1007/s41748-023-00369-7

Al-Ruzouq R, Shanableh A, Jena R, et al (2024) Flood susceptibility mapping using a novel integration of
multi-temporal Sentinel-1 data and eXtreme deep learning model. Geosci Front 15(3):101780.
https://doi.org/10.1016/j.gsf.2024.101780

Amiri A, Soltani K, Ebtehaj I, Bonakdari H (2024) A novel machine learning tool for current and future
flood susceptibility mapping by integrating remote sensing and geographic information systems. J

Hydrol 632:130936. https://doi.org/10.1016/j.jhydrol.2024.130936

30



668
669
670

671
672
673

674
675
676

677
678
679

680
681
682

683
684
685

686

687
688
689
690

691
692
693

694
695
696

697
698
699

700
701

702
703
704

Asrade TM, Abebe SA, Tadesse KB, et al (2026) Flood susceptibility assessment using three machine
learning techniques and comparison of their performance. Sci Rep  16:8099.

https://doi.org/10.1038/s41598-026-38391-0

Badillo-Rivera E, Santiago R, Poma I, et al (2025) Flood susceptibility mapping in El Nifio Phenomenom
integrating multitemporal radar analysis, GIS and machine learning techniques, Piura river basin,

Peru. Front Environ Sci 13:1672107. https://doi.org/10.3389/fenvs.2025.1672107

Barnes R, Lehman C, Mulla D (2014) Priority-flood: An optimal depression-filling and watershed-labeling
algorithm for digital elevation models. Comput Geosci 62:117-1217.
https://doi.org/10.1016/j.cageo.2013.04.024

Batista FF, Rodrigues DT, Santos e Silva CM, et al (2025) Performance assessment of IMERG V07 versus
V06 for precipitation estimation in the Parnaiba River Basin. Remote Sens 17(21):3613.
https://doi.org/10.3390/rs17213613

Bentivoglio R, Isufi E, Jonkman SN, Taormina R (2022) Deep learning methods for flood mapping: a
review of existing applications and future research directions. Hydrol Earth Syst Sci 26(16):4345—
4378. https://doi.org/10.5194/hess-26-4345-2022

Beven KJ, Kirkby MJ (1979) A physically based, variable contributing area model of basin hydrology / Un
modele a base physique de zone d’appel variable de I’hydrologie du bassin versant. Hydrol Sci Bull
24(1):43-69. https://doi.org/10.1080/02626667909491834

Breiman L (2001) Random forests. Mach Learn 45:5-32. https://doi.org/10.1023/A:1010933404324

Centro Nacional de Estimacion, Prevencion y Reduccion del Riesgo de Desastres (CENEPRED) (2017)
Informe de evaluacion del riesgo originado por inundacion pluvial en el area de influencia del distrito
de Trujillo, provincia de Trujillo, departamento de La Libertad. SIGRID, Lima.
https://sigrid.cenepred.gob.pe/sigridv3/documento/3987. Accessed 24 Sep 2026

Chen T, Guestrin C (2016) XGBoost: A scalable tree boosting system. In: Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge Discovery and Data Mining, San Francisco, CA,
pp 785-794. https://doi.org/10.1145/2939672.2939785

Chicco D, Jurman G (2020) The advantages of the Matthews correlation coefficient (MCC) over F1 score
and accuracy in  binary  classification  evaluation. @ BMC  Genomics  21:6.

https://doi.org/10.1186/512864-019-6413-7

Cian F, Marconcini M, Ceccato P (2018) Normalized Difference Flood Index for rapid flood mapping:
Taking advantage of EO big data. Remote Sens Environ  209:712-730.
https://doi.org/10.1016/j.rse.2018.03.006

Cortes C, Vapnik V  (1995) Support-vector networks. Mach Learn  20:273-297.
https://doi.org/10.1007/BF00994018

Demissie Z, Rimal P, Seyoum WM, Dutta A, Rimmington G (2024) Flood susceptibility mapping:
Integrating machine learning and GIS for enhanced risk assessment. Appl Comput Geosci 23:100183.
https://doi.org/10.1016/j.acags.2024.100183

31



705
706
707

708
709

710
711
712

713
714

715
716
717

718
719

720
721
722

723
724
725
726
727

728
729
730
731
732

733
734
735
736

737
738
739
740

Ehrlich D, Melchiorri M, Florczyk AJ, et al (2018) Remote sensing derived built-up area and population
density to quantify global exposure to five natural hazards over time. Remote Sens 10(9):1378.

https://doi.org/10.3390/rs10091378

Fawcett T (2006) An introduction to ROC analysis. Pattern Recognit Lett 27(8):861-874.
https://doi.org/10.1016/j.patrec.2005.10.010

Feizbahr M, Brake N, Arbabkhah H, et al (2025) Flood susceptibility mapping using machine learning and
geospatial-Sentinel-1 SAR integration for enhanced early warning systems. Remote Sens

17(20):3471. https://doi.org/10.3390/rs17203471

Garreaud RD (2018) A plausible atmospheric trigger for the 2017 coastal El Niflo. Int J Climatol
38(S1):¢1296—¢1302. https://doi.org/10.1002/joc.5426

Guerrero Padilla AM, Rodriguez Rodriguez EF, Leiva Gonzalez S (2021) Desastres naturales: evaluacion
del riesgo y el flujo de derrubios en la quebrada San Idelfonso, Trujillo, La Libertad, Pert. Arnaldoa
28(3):557-576. https://doi.org/10.22497/arnaldoa.283.28305

Horn BKP (1981) Hill shading and the reflectance map. Proc IEEE 69(1):14-47.
https://doi.org/10.1109/PROC.1981.11918

Huang G, Ng AHM, Zhou Q, et al (2026) Flood susceptibility prediction in the Indo-China Peninsula using
21 years of inundation occurrence data and machine learning. J Hydrol 670:135176.

https://doi.org/10.1016/j.jhydrol.2026.135176

Huffman GJ, Bolvin DT, Braithwaite D, et al (2020) Integrated Multi-satellite Retrievals for the Global
Precipitation Measurement (GPM) Mission (IMERG). In: Levizzani V, Kidd C, Kirschbaum DB,
Kummerow CD, Nakamura K, Turk FJ (eds) Satellite Precipitation Measurement. Advances in Global
Change Research, vol 67. Springer, Cham, pp 343—353. https://doi.org/10.1007/978-3-030-24568-
9 19

Instituto Nacional de Defensa Civil (INDECI) (2023) Reporte complementario n.° 2688-13/3/2023/COEN-
INDECI: Lluvias intensas en el distrito de La Esperanza—La Libertad. Lima.
https://portal.indeci.gob.pe/wp-content/uploads/2023/03/REPORTE-COMPLEMENTARIO-
N%C2%BA-2688-13MAR2023-LLUVIAS-INTENSAS-EN-EL-DISTRITO-DE-LA-
ESPERANZA-LA-LIBERTAD-2.pdf. Accessed 24 Sep 2026

Instituto Nacional de Defensa Civil (INDECI) (2025a) Iniciaron acciones de respuesta por lluvias intensas
en provincia Trujillo (La Libertad). Nota de Prensa n.° 152-2025. Lima.
https://www.gob.pe/institucion/indeci/noticias/1136358-iniciaron-acciones-de-respuesta-por-1luvias-

intensas-en-provincia-trujillo-la-libertad. Accessed 24 Sep 2026

Instituto Nacional de Defensa Civil (INDECI) (2025b) Reporte complementario n.° 6126-
24/5/2025/COEN-INDECI: Lluvias intensas en la provincia de Trujillo-La Libertad. Lima.
https://portal.indeci.gob.pe/emergencias/reporte-preliminar-n-0-0823-29-3-2025-coen-indeci-0745-

horas-huaico-en-el-distrito-de-la-esperanza-la-libertad/. Accessed 24 Sep 2026

32



741
742
743

744
745
746

747
748
749

750
751
752

753
754

755
756
757
758
759

760
761
762

763
764
765

766
767
768

769
770

771
772
773

774
775

776
777

Khosravi K, Shahabi H, Pham BT, et al (2019) A comparative assessment of flood susceptibility modeling
using multi-criteria decision-making analysis and machine learning methods. J Hydrol 573:311-323.

https://doi.org/10.1016/j.jhydrol.2019.03.073

Lahsaini M, Albano F, Albano R, Mazzariello A, Lacava T (2024) A Synthetic Aperture Radar-based Robust
Satellite Technique (RST) for timely mapping of floods. Remote Sens 16(12):2193.
https://doi.org/10.3390/rs16122193

Li H, Dong J, Zhou S, et al (2026) Application and comparison of multiple machine learning models in
flood susceptibility assessment in the Beijing-Tianjin-Hebei region of China. Front Water 8:1767400.
https://doi.org/10.3389/frwa.2026.1767400

Li Y, Martinis S, Plank S, Ludwig R (2018) An automatic change detection approach for rapid flood
mapping in Sentinel-1 SAR data. Int J Appl Earth Obs Geoinf 73:123-135.
https://doi.org/10.1016/j.jag.2018.05.023

Lundberg SM, Lee SI (2017) A unified approach to interpreting model predictions. Adv Neural Inf Process
Syst 30:4765-4774

Medina Allcca L, Gonzales Sales J, Ramos Cabrera W, Latorre Borda OO (2017) Peligros geologicos y
geohidrolégicos detonados por el Nifio Costero 2017 en la region La Libertad—Cajamarca: analisis
geologico, geomorfologico y de peligros en la ciudad de Trujillo. Informe Técnico n.° A6791. Instituto
Geologico, Minero y Metalirgico (INGEMMET), Lima. https://hdl.handle.net/20.500.12544/1026.
Accessed 24 Sep 2026

Mohammadi A, Kamran KV, Karimzadeh S, Shahabi H, Al-Ansari N (2020) Flood detection and
susceptibility mapping using Sentinel-1 time series, alternating decision trees, and bag-ADTree

models. Complexity 2020:4271376. https://doi.org/10.1155/2020/4271376

Mohanty MP, Simonovic SP (2021) Understanding dynamics of population flood exposure in Canada with
multiple  high-resolution ~ population  datasets. = Sci ~ Total  Environ  759:143559.
https://doi.org/10.1016/j.scitotenv.2020.143559

Mosaffa H, Brocca L (2024) High-resolution dynamic flood susceptibility mapping across the
Mediterranean region. EGU General Assembly 2024, Vienna, Austria, 14—19 April 2024, EGU24-
8564. https://doi.org/10.5194/egusphere-egu24-8564

Mosavi A, Ozturk P, Chau KW (2018) Flood prediction using machine learning models: Literature review.

Water 10(11):1536. https://doi.org/10.3390/w10111536

Municipalidad Provincial de Trujillo (MPT) (2016) Plan de Desarrollo Local Concertado de la Provincia
de Trujillo 2017-2030. Truyjillo. https://sinia.minam.gob.pe/documentos/plan-desarrollo-local-
concertado-provincia-trujillo-2017-2030. Accessed 24 Sep 2026

O’Callaghan JF, Mark DM (1984) The extraction of drainage networks from digital elevation data. Comput
Vis Graph Image Process 28(3):323-344. https://doi.org/10.1016/S0734-189X(84)80011-0

Peng Q, Xie SP, Wang D, et al (2019) Coupled ocean-atmosphere dynamics of the 2017 extreme coastal El
Niflo. Nat Commun 10:298. https://doi.org/10.1038/s41467-018-08258-8

33



778
779
780

781
782

783
784
785

786
787
788

789
790

791
792

793
794

795
796
797

798
799

800
801

802
803
804

805
806
807

808
809

810
811

812
813

Portalés-Julia E, Mateo-Garcia G, Gomez-Chova L (2025) Understanding flood detection models across
Sentinel-1 and Sentinel-2 modalities and benchmark datasets. Remote Sens Environ 328:114882.

https://doi.org/10.1016/j.rse.2025.114882

Poursanidis D, Katsanevakis S (2025) Mapping subtidal marine forests in the Mediterranean Sea using

Copernicus Contributing Mission. Remote Sens 17(14):2398. https://doi.org/10.3390/rs17142398

Pradhan B, Lee S, Dikshit A, Kim H (2023) Spatial flood susceptibility mapping using an explainable
artificial intelligence (XAID model. Geosci Front 14(6):101625.
https://doi.org/10.1016/j.gsf.2023.101625

Rahmati O, Pourghasemi HR, Zeinivand H (2016) Flood susceptibility mapping using frequency ratio and
weights-of-evidence models in the Golastan Province, Iran. Geocarto Int 31(1):42—70.

https://doi.org/10.1080/10106049.2015.1041559

Rentschler J, Salhab M, Jafino BA (2022) Flood exposure and poverty in 188 countries. Nat Commun
13:3527. https://doi.org/10.1038/s41467-022-30727-4

Roberts DR, Bahn V, Ciuti S, et al (2017) Cross-validation strategies for data with temporal, spatial,
hierarchical, or phylogenetic structure. Ecography 40(8):913-929. https://doi.org/10.1111/ecog.02881

Rumelhart DE, Hinton GE, Williams RJ (1986) Learning representations by back-propagating errors.
Nature 323:533-536. https://doi.org/10.1038/323533a0

Saito T, Rehmsmeier M (2015) The precision-recall plot is more informative than the ROC plot when
evaluating binary classifiers on imbalanced datasets. PLoS One 10(3):e0118432.
https://doi.org/10.1371/journal.pone.0118432

Schiavina M, Melchiorri M, Pesaresi M, et al (2023) GHSL Data Package 2023. Publications Office of the
European Union, Luxembourg. JRC133256. https://doi.org/10.2760/098587

Schumann GJP, Moller DK (2015) Microwave remote sensing of flood inundation. Phys Chem Earth 83—
84:84-95. https://doi.org/10.1016/j.pce.2015.05.002

Servicio Nacional de Meteorologia e Hidrologia del Perd (SENAMHI) (2023) Boletin Climatico Nacional
— Marzo 2023. Lima. https://www.gob.pe/institucion/senamhi/informes-publicaciones/4112500-

boletin-climatico-nacional-marzo-2023. Accessed 24 Sep 2026

Tehrany MS, Pradhan B, Jebur MN (2014) Flood susceptibility mapping using a novel ensemble weights-
of-evidence and support vector machine models in GIS. J Hydrol 512:332-343.
https://doi.org/10.1016/j.jhydrol.2014.03.008

Tellman B, Sullivan JA, Kuhn C, et al (2021) Satellite imaging reveals increased proportion of population
exposed to floods. Nature 596:80—86. https://doi.org/10.1038/s41586-021-03695-w

Tsyganskaya V, Martinis S, Marzahn P, Ludwig R (2018) Detection of temporary flooded vegetation using
Sentinel-1 time series data. Remote Sens 10(8):1286. https://doi.org/10.3390/rs10081286

Twele A, Cao W, Plank S, Martinis S (2016) Sentinel-1-based flood mapping: a fully automated processing
chain. Int J Remote Sens 37(13):2990-3004. https://doi.org/10.1080/01431161.2016.1192304

34



814
815

816
817

818
819
820

821

Vabalas A, Gowen E, Poliakoff E, Casson AJ (2019) Machine learning algorithm validation with a limited
sample size. PLoS One 14(11):¢0224365. https://doi.org/10.1371/journal.pone.0224365

Varoquaux G (2018) Cross-validation failure: Small sample sizes lead to large error bars. Neuroimage

180:68—77. https://doi.org/10.1016/j.neuroimage.2017.06.061

Wahba M, Essam R, El-Rawy M, et al (2024) Forecasting of flash flood susceptibility mapping using
random forest regression model and geographic information systems. Heliyon 10(13):e33982.

https://doi.org/10.1016/j.heliyon.2024.e33982

35



Appendix

4 ™ ”
0
3000
s ans "
9130000 130000 36 s130c0 130000 9130000
s
3000 nsa s
120000 9120000 0 siz000 Foay 9120000
s =
= w0 _ R uzs - oz :
£ ancon EE  sucom 24 - F enome E 5 oucm
H ® ' :® 8 g
- = £ £ w § 2 am 3 H
H Lo §E ] £ 5 ]
7 100000 2 awoo0n ] 7 s10mc0 T2 1000 < % 9100000 g
azs as )
=
o
amonon o000 ' so9c0 “ a0 " 080000 02
o :
0000 000 6 80000 07s w00 ars W00 Bk i
A —
3000 70000 35000 250000 o <m0 72000 735000 500 30w 720000 000 0000 o “uscon 72000 235000 750000 i Tsom 72000 735000 TS0000
Fasting (m) Easting (m) Easting fm) Easting (m) Fasting (m)
155
i s
1200
® hes ® , ®
{ aoesn
1w oouso | oz
i X
120000 PR 9120000 s130000 ) smom{
ws g oz
= E s 00@s e X a0zs 0w 34
& & > 0 i LB = g
£ oncom EE onom EE onmoo g E onom E E onam ¥
3 w %% 3 i3 £z H
£ 2.4 s £ om0 E £ La ame £ £ am
£ 13 w £ 5 E EE ki
Z 100000 = 27 awwm 7 owmon 47 om0 = | £ 7 smom g
(T i p— o awe §
4o S
w000 090000 “omo00 09000 L “hs00m
60 00050 ansn o0t
w0 i
w000 080000 Y 080000 sov000 4" Somom
ooms P ——— ok
4s s
s 720000 15000 750000 Wo0s o0 Taees 75000 x TS0 THON TiM0 7s000 705000 oo s 250000, o500 e msen %00
Ensting (m} Eassing (i) Fasting (m) Eassing {m) Easting (m)
12
[0] (o) P ) o6
9130000 53 ]
9120000 9130000 9130000
N L os
9120000 ! i
X .o . N
ey 9120000 9120000 3 9120000 '\
< oumm 4 VL
< 0z
9100000 & 91000 § & oo g & oo z
G 7
090000 £ z 4
2 910000 2 9100000 2 sl N
a2
080000 o4
\ \
05000 9090000 » L 9050000
) s
> o8
SORO000 OS0000 > W0k S080000 7~ 2k
— —_—y
ae
05000 720000 715000 750000 3000 220000 235000 750000 12 w000 7000 735000 70000
Essting () Easting (m) Easting (m)

]

Fig. 14 Topographic, hydrological, geomorphometric, geological, and meteorological variables used in the geospatial modeling. (a) Elevation; (b) slope; (c) aspect, sine
component; (d) aspect, cosine component; (e) transformed contributing area; (f) topographic wetness index; (g) distance to drainage; (h) profile curvature; (i) plan curvature;
(j) general curvature; (k) geological units; (1) precipitation PC1; (m) precipitation PC2; and (n) precipitation PC3
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Fig. 15 Temporal predictions of flood susceptibility classification. (a) XGBoost 2017; (b) XGBoost 2023;
(c) XGBoost 2025; (d) SVM 2017; (e) SVM 2023; (f) SVM 2025; (g) ANN-MLP 2017; (h) ANN-MLP
2023; and (i) ANN-MLP 2025
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